ABSTRACT A novel, binary ␦-endotoxin from Bacillus thuringiensis Berliner (Bt) strain PS149B1 has been identiÞed, and the two genes that code for the peptides that make up the binary insecticidal crystal protein (bICP) have been inserted into maize plants, Zea mays L. Transformed maize plants that express the proteins are resistant to western corn rootworm, Diabrotica virgifera virgifera LeConte, a major pest of maize. A laboratory study was conducted to better understand the degradation of the bICP in soil. Insect bioassays using southern corn rootworm, Diabrotica undecimpunctata howardi Barber, were used to track degradation. A Þrst-order kinetic model using a truncated data set predicts a half-life of Ͻ4 d, indicating a rapid rate of decay in soil. The degradation pattern for the complete data set exhibits systematic departures from a Þrst-order kinetic model. A novel 3-parameter degradation model was developed and validated with 23 additional degradation data sets representing both Bt proteins and synthetic organic molecules. This new model often Þts degradation patterns better than a Þrst-order model and a 3-parameter, biexponential (biphasic) model. The new model also retains an additional degree of freedom in the analyses compared with the biexponential model, making it especially useful when modeling small data sets. The time until 50% dissipation of the bICP was estimated at Ͻ2 d based on this new model.
VARIOUS CROP PLANTS have been rendered insect resistant through the introduction of genes from Bacillus thuringiensis Berliner (Bt). Dow AgroSciences LLC has identiÞed a novel, binary ␦-endotoxin from Bt strain PS149B1, and in cooperation with Pioneer HiBred International has inserted the two genes that code for these proteins into maize plants, Zea mays L. These genes code for proteins that are Ϸ14 and 44 kDa in size. Transformed maize plants that express the proteins are resistant to western corn rootworm, Diabrotica virgifera virgifera LeConte, a major pest of maize (Moellenbeck et al. 2001) .
A laboratory study was conducted to better understand the degradation of the binary insecticidal crystal protein (bICP) in soil. Insect bioassays using southern corn rootworm, Diabrotica undecimpunctata howardi Barber, were used to track degradation. Insect bioassay is the standard method for tracking insecticidal proteins in soil due to extraction difÞculties that hamper the use of other analytical techniques, such as quantitative enzyme-linked immunosorbant assays Holden 1996, Palm et al. 1994) . The insectbioassay method also allows loss in functional activity to be tracked directly, and therefore provides a realistic measure of potential ecological effects.
Typically, a Þrst-order kinetic model is Þt to soil degradation data for Bt proteins to estimate the rate of decay, but systematic departures from the model are common. This often results in the use of truncated data sets to achieve an acceptable Þt to the observed data (Sims and Holden 1996 , Sims and Ream 1997 , Halliday 1998 , Herman et al. 2000 . In this investigation, a novel 3-parameter model was developed to linearize the observed curve-linear degradation pattern for the bICP. This least-squares, nonlinear model involves the estimation of the slope and intercept of the regression line (as is done for the Þrst-order kinetic model), plus the estimation of a constant that is added to the incubation time. The percent remaining protein, and the sum of the incubation time and the constant, are both transformed using a logarithmic function. This model is also applied to degradation data for other proteins and synthetic organic molecules, and comparisons are made to a standard biphasic (biexponential) model (Wolt et al. 2000) .
Materials and Methods
Soil Treatment and Incubation. Microbe-produced bICP was used in this study due to the infeasibility of incorporating sufÞcient quantities of transgenic plant material into soil to see a biological effect, and due to the difÞculty of isolating sufÞcient quantities of protein from transformed plants. Two separate lines of Pseudomonas fluorescens were developed through recombinant DNA techniques, each of which expressed one of the two components of the bICP. Powders containing 54% of the 14-kDa protein and 37% of the 44-kDa protein were isolated from the respective strains.
A representative soil (Montmorenci, Fine-loam, mixed, mesic Aquollic Hapludalfs) from the mid-western, maize-growing region of the United States was obtained from Benton County, IN (Table 1 ). An aqueous mixture (62 mg 14-kDa powder/ml ϩ 90 mg 44-kDa powder/ml) of the powders was pipetted (150 l/vial) onto soil samples (1 gm dry weight in a 50-ml conical vial) to achieve a target concentration of 5 mg of each protein per gram of soil. The concentration of bICP was chosen to produce sufÞcient biological activity to allow for degradation to be observed. However, this level of fortiÞcation is approximately four orders of magnitude greater than would be expected when transgenic plants are incorporated into soil under Þeld conditions (based on unpublished plant-expression data). The volume of water applied along with the bICP was calculated to bring the soil moisture to Ϸ100 kPa (75% of the one-third bar water holding capacity, Anonymous 1982) . The soil contained Ϸ0.023 ml of water per gram of soil before use.
Soil was held in 50-ml conical vials into which a small (Ͻ2 mm diameter) hole was made to allow for gas exchange. The vials were placed in an airtight vessel containing a reservoir of 0.2 N sodium hydroxide to absorb excess carbon dioxide. The vessel was held in the dark, under low-pressure oxygen at Ϸ25ЊC. To produce treated soil samples at a series of incubation times, vials were removed from the incubator at 0, 1, 3, 7, 14, and 28 d, and placed in a freezer (-80ЊC). Controls consisting of soil with no treatment, and soil with water treatment (150 l/vial) were prepared and placed in the freezer after 28 d of incubation. The untreated soil was used to prepare spiked controls, and the soil with a water treatment was used to prepare negative controls.
Insect Bioassays. One vial from each of the six incubation periods, and one negative control vial were removed from the freezer on each of two insectbioassay dates. A vial of untreated soil also was removed from the freezer on each bioassay date, and was fortiÞed with a freshly prepared mixture of the bICP at the same concentration as that used to treat the incubated samples (5 mg active ingredient of each protein per gram dry weight of soil). This spiked control was used as a reference treatment to investigate the stability of the bICP in the frozen soil samples.
A 0.2% aqueous-agar solution was added to each vial to achieve a 10-ml Þnal volume. The vials were shaken to suspend the soil in the agar. Six concentrations were prepared from each vial by three-fold serial dilution in 0.2% agar. Aliquots of the suspensions were applied to the surface of artiÞcial insect diet (Rose and McCabe 1973) in 128-well bioassay trays (C-D International, Pitman, NJ). Each well contained Ϸ500 l of diet and the diet surface measured Ϸ1.5 cm 2 . Fifty microliters of each treatment was applied into each of 16 wells on each bioassay date. The surface of the diet was allowed to dry before infesting each well with a single neonate southern corn rootworm (French Agricultural Research, Lamberton, MN). The wells were covered using vented lids provided with the bioassay trays. Southern corn rootworm was chosen as the bioassay insect because this species is sensitive to the bICP and because it behaves robustly in diet-based laboratory bioassays.
A soil control and an agar control were also included in each bioassay. After holding the bioassay for 6 d at Ϸ26ЊC, mortality data were collected and the weight of live insects was determined, as a group, for each treatment.
Statistical Analysis. The total weight of live insects for each treatment was compared with the mean total weight of live insects in the two negative control treatments (agar and soil) to determine a percent growth inhibition for each treatment within each bioassay. For each incubation interval, the arcsine of the growth inhibition was regressed against the base-10 logarithm of the initial concentration (g [AI]/cm 2 of insect diet), and the resulting equation of the line was used to predict the concentration that inhibits growth by 50% (GI 50 ) and 95% CL around the estimate (PROC REG, SAS Institute 1990). This transformation system has been shown to be effective at linearizing the concentration-response curve for this test system (R.A.H., unpublished data). The increase in GI 50 over time was used to calculate the percent of active bICP present at each incubation time (fraction remaining ϭ GI 50 at time 0 divided by GI 50 at the speciÞc interval).
A half-life (T 1/2 ) for the bICP, calculated based on Þrst-order kinetics, was estimated by regressing the natural logarithm of the reciprocal of the GI 50 against time, and substituting the slope of the regression line in the following formula: T 1/2 ϭ Ϫ0.693/slope. A stan- dard biphasic (biexponential) model (Wolt et al. 2000) was also Þt to the data for comparative purposes. The biexponential equation was solved using nonlinear regression (PROC NLIN, SAS Institute 1990) . The recovery at time zero was normalized to 100%, and the 3-parameter version of the biexponential equation was used here. The 3-parameter biexponential model forces the regression line through 100% at time zero. Since this places the time-zero data value on the regression line by deÞnition, we excluded this data point from this analyses so as not to artiÞcially overestimate the Þt of this model. An alternative model was developed to explain the observed degradation pattern for the bICP. This model incorporates a logarithmic transformation of remaining bICP, and a logarithmic transformation of the time plus a constant, as follows: log 10 (remaining residue) ϭ m(log 10 (time ϩ k)) ϩ b where m ϭ slope, b ϭ intercept, and k ϭ constant. Because this equation incorporates the logarithm of a parameter (k) summed with a variable (time), nonlinear regression was used to estimate the parameters (m, k, and b). A 50% dissipation time (DT 50 ) was then calculated using the equation of the regression line. The estimated initial concentration, rather than the deÞned initial concentration of 100%, was used to calculate the DT 50 value. This model was applied to additional degradation data sets to determine its general applicability. For these data sets, the zero time point was adjusted to 100% recovery, and all subsequent recoveries were calculated based on the zeroday value.
The following script was used to automate the calculations for the new explanatory model within the statistical analysis software available from SAS Institute (SAS Institute 1990):
ϩB; DATA DTXX; SET EST; IF_TYPE_NE "FINAL" THEN DELETE; DTXX ϭ (10**((M*(LOG10(K)))ϩB))*((100-50)/100); DT50 ϭ ((10**((LOG10(DTXX)-B)/m))-K); PROC PRINT; VAR DT50;
Results and Discussion
Bioassay Results. No southern corn rootworm mortality occurred within the negative control treatments in the bioassays. At the zero-day sampling, Ͻ5% mortality occurred in the southern corn rootworm bioassays with the highest concentration of bICP, so mortality data were not useful for monitoring degradation of the proteins in soil. It was possible to calculate meaningful GI 50 s for all incubation intervals (P value Ͻ 0.02 for all regressions), so these estimates were used to track degradation ( Table 2 ). The potency estimates at the zero time point and for the spiked control were not signiÞcantly different (based on overlap of the 95% CL), and therefore, the bICP appeared stable in the soil that was stored in the freezer at Ϫ80ЊC.
The plot of estimated remaining protein, transformed using the natural-logarithm function, versus time is curve-linear, suggesting that the bICP does not decay according to Þrst-order kinetics (Fig. 1) . However, the Þrst four time points can be used to calculate a half-life (3.2 d) for the initial phase of degradation using a Þrst-order kinetics model.
A common model for explaining a curve-linear degradation pattern, such as is seen in Fig. 1 , is the biexponential equation (Wolt et al. 2000) . This pseudomechanistic model assumes that the decaying material partitions into two compartments within the soil (such as sorbed and solution), and that the rate of decay in each compartment differs. This model Þts the bICP data very well (Table 3) . Based on this biphasic model, the DT 50 for the bICP was calculated to be 2.4 d.
A linear explanatory model (shift-log model) was also developed which does not assume any speciÞc (Table 3) . Like the biexponential model, this new model involves estimating three parameters using nonlinear regression. However, since the model is not forced through a speciÞed intercept, the initial data point was used in these calculations. This model also Þts the decay pattern for the bICP very well (Table 3 ). The DT 50 using the shift-log model was calculated to be 1.7 d.
Comparison of Degradation Models: Fit to Additional Data Sets. Three models are used here to explore the results of the soil degradation study for the bICP. We limited our analysis to simple models (two or three parameters), due to the small size of the degradation data set (n ϭ 6). The Þrst-order kinetic model is useful for interpreting the initial phase of degradation, but results in systematic departures from the model when all time points are included (Fig. 1) . The biexponential model and the shift-log model both produce an excellent Þt to the complete data set. The latter two models were therefore investigated further as to their applicability to other degradation data sets, and to their utility in interpreting degradation results.
Studies were selected where data were available in a format that allowed comparative model analyses to be completed (tabular). Investigations where Bt-protein degradation was reported were preferentially selected. Additionally, a set of synthetic-chemical studies was included to expand the validation. DT 50 s and the Þt of the three different models are reported in Table 3 for 24 data sets, spanning 12 different test substances (including the bICP). The data sets have been placed in subsets based on their Þt to a Þrst-order kinetic model. It is acknowledged that the percent of variation accounted for by the model (Þtness) is only one measure of the appropriateness of a model, and that inspection of the graphical representation of the data are necessary to check for systematic departures of the observations from the model. Furthermore, the nonlinear routines for these models did not always converge on one of the three parameters (Table 3 ). In these cases, the nonoptimized parameter was set, and the regression was optimized for the two remaining parameters (as automated using the SAS NLIN procedure, SAS Institute 1990). These latter data sets generally exhibited a linear relationship in the natural scale (zero-order decay). A Þrst-order decay model explains Ͼ89% of the variation exhibited by the Þrst 13 data sets in Table 3 . These materials are all synthetic organic compounds. The decay pattern of these compounds appears to follow Þrst-order kinetics quite well, however, the shift-log model Þts each of the decay patterns as well as, or better than, the Þrst-order decay model. The biexponential model generally provides a good Þt for the data, but provides a slightly poorer Þt than the Þrst-order model in four of 13 cases.
The second set of studies are those where the Þrst-order model explains between 80% and 89% of the variation in the degradation data. These Þve data sets conform to Þrst-order kinetics somewhat less well than the Þrst set. Three of the Þve compounds in this set are Bt proteins. These data sets allow more room for improvement with the more complex models; however, the biexponential model provides a poorer Þt than the Þrst-order model in three of Þve cases. Again, the shift-log model Þts each of the decay patterns as well as, or better than, the Þrst-order decay model. The biexponential model has an especially poor Þt for the CryIIA(1) data set (41%).
A Þrst-order decay model explains Ͻ80% of variation in the third set of studies. This set of materials includes three synthetic organic compounds and three Bt proteins. Substantial improvements in the Þt of both 3-parameter models is seen in all cases compared with the Þrst-order decay model. The biexponential model, however predicts an extremely long DT 50 for one data set (oryzalin(2)). This data set is unique among the others in that 50% decay is not reached at the last time point (63% remaining at 183 d). This requires the models to predict a DT 50 that is outside the data range. Predicting values outside the data range is not a recommended practice, and such predictions should always be viewed with caution.
Both 3-parameter models appear to offer improved Þt over the Þrst-order model with most degradation data sets. In one case, CryIIA(1), the shift-log model provides a much better Þt than the biexponential model (87% versus 41%), but in other cases the biexponential model provides a slightly better Þt. Overall, the shift-log model is superior to the biexponential model in twelve cases, and the biexponential model is superior in seven cases. The shift-log model always Þts the data as well as, or better than, the Þrst-order model, but the biexponential model provided a poorer Þt than the Þrst-order model in seven of 24 cases.
It should be noted that for the 3-parameter, biexponential model, the estimated line is forced through the initial concentration (set to 100%) at the zero time point. Therefore, the Þt of the model is typically overestimated, because the zero-time value is commonly included in the regression calculations. By deÞnition, the initial time point is placed on the regression line.
Technically, if the model is forced through 100% at time zero, and the initial estimate of the residue is set to 100%, then the concentration at time zero should be excluded from the analyses as we have done here. In practice, this is rarely done. This loss in statistical power results in two examples, CryIAb(1) and CryIIA(1), where signiÞcant regressions (F test, P value Ͻ 0.05) are not achieved with the biexponential model.
In contrast, we do not force our shift-log model through the initial data point, nor do we use the observed value at time zero to calculate the DT 50 . Rather, we estimate the intercept (b), and calculate the DT 50 based on the initial concentration as estimated by the model. This necessarily results in an improved Þt for the 3-parameter shift-log model as compared with a version of the model where the intercept is Þxed, and allows the valid inclusion of the zero time point. This approach makes no assumption about the accuracy of the initial estimate of concentration relative to those made at later time points. Therefore, although we adjusted the initial residue estimates to 100% at the zero time points, this has no effect on our estimated DT 50 values. All regressions using the shift-log model were signiÞcant (F test, P value Ͻ 0.01).
Initial estimates of concentration are often suspect, especially for Þeld-dissipation studies (Blumhorst and Mueller 1997) . However, in some cases, such as the use of radio-labeled test materials, an accurate theoretical estimate of the concentration at time zero may be available. Here it is acceptable to use the observed time-zero concentration values in the 3-parameter, biexponential regression if initial recovery is high, and the concentration values (including the time-zero value) are not normalized to 100% based on the observed time-zero value. In these instances, a 2-parameter version of the shift-log model may also be used, where the intercept parameter (b) is replaced by a function of the parameters "k" and "m," forcing the regression line through 100% at the zero time point. The replacement expression for "b" is derived by replacing time with zero, and the remaining material with 100% in the shift-log model. The form of the 2-parameter, shift-log model is as follows: log 10 (remaining protein) ϭ m(log 10 (time ϩ k)) ϩ (2 Ϫ (m*log 10 (k))).
Comparison of Degradation Models: Interpretation of Results.
Interpreting degradation results using a Þrst-order kinetic model is straightforward. A single rate of degradation (half-life) is calculated that predicts decay over the entire test duration under the assumption that the data are well described by a simple Þrst-order approximation. A biexponential model is designed to accommodate a biphasic decay mechanism, and is therefore based on a putative mechanism for the observed degradation pattern. Two different decay rates are calculated which correspond to each of two compartments in the soil matrix. The shift-log model is not based on a putative mechanism that describes a time-varying degradation rate. Parameter estimates for the shift-log model are, therefore, more difÞcult to interpret.
The shift-log model was developed to linearize the residue-versus-time relationship. Like the Þrst-order model, the percent-remaining data are logarithmically transformed. However, unlike the Þrst-order model, the time data are also logarithmically transformed. To accommodate the zero time value within the logarithmic transformation, a constant (k) is added to avoid invalid computations. To eliminate bias, this constant is added to all time values. The addition of a constant to small time values has a greater relative effect on the logarithmically transformed data than the addition of the same constant to larger time values. The inclusion of k as a parameter in the shift-log model, therefore, also allows greater ßexibility in transforming the time variable in a fashion that optimally linearizes the residue-versus-time relationship. In addition, this feature allows the shift-log model to better accommodate a lag phase in a degradation pattern compared with the other models discussed here (not illustrated here). However, interpretation of the optimized parameter estimates is not intuitive, although the k value and slope (m) are related to the way decay rates change over time, and to the speed of decay. This may be more clearly seen in the following derivation of the shift-log model, where "m" can be seen to reßect the curvature in the relationship between the remaining residue and the shifted time. The shift-log model shares some attributes with the Box-Tidwell transformation of independent variables (Box and Tidwell 1962, Mason et al. 1989) , in that a parameter is optimized to best customize a family of functions for linearizing a relationship. The particular form of the shift-log model also includes a logarithmic transformation of the response variable, which in addition to helping linearize the data, often helps to correct nonhomogeneous variances in the typical case where variance is proportional to the mean. It should be noted that time is the independent variable in all of these models and is assumed to have negligible error associated with its measurement. For this reason, the transformation of time should not disturb the error structure of the time variable.
Although the parameter estimates for the shift-log model do not provide an easy interpretation of decay, it is relatively straightforward to generate other point estimates of decay such as DT 10 and DT 80 values by substituting "10" and "80," respectively, in place of the "50" in the "DTXX ϭ (10**((M*(LOG10(K)))ϩB)) *((100-50)/100);" line of the aforementioned SAS script. Examination of these values is helpful in understanding how the material of interest decays. These values may also be compared with the actual data to evaluate the Þt of the predicted decay curve. The linear plot of the transformed data also provides a useful tool for investigating the Þt of the model to the data (Fig. 2) . Such comparisons are useful for detecting systematic departures from the model. While a two-compartment mechanism provides one explanation for a curve-linear decay pattern, other mechanisms are possible. For example, microorganism populations may increase or decrease over time, more than two compartments may exist in the soil, multiple mechanisms of decay may be operating, and/or the material may move between compartments over the course of the study. Without some further data, in addition to the observation that the decay pattern Þts a biexponential model, there is no way to conÞrm a biphasic decay mechanism. Simply conforming to the model does not guarantee a speciÞc mechanism. This is reinforced by the excellent Þt of the nonmechanistically-based, shift-log model presented here.
In conclusion, based on this study, the bICP appears to decay rapidly in soil, with half of the biological activity being lost in Ͻ4 d. The loading of the proteins in this study was Ϸ4 orders of magnitude higher than would be expected from transgenic maize plants under Þeld conditions, indicating a large capacity of soil to decompose the bICP. The mechanism of decay for other insecticidal crystal proteins from Bt is believed to be mediated by soil microorganisms (Sims and Holden 1996) , suggesting that the bICP is a good substrate for the soil fauna. The large amount of protein in soil that is required to demonstrate a sub-lethal effect (growth inhibition) against a sensitive species (southern corn rootworm), also indicates that potential ecological effects from the presence of the bICP in soil are remote.
The shift-log model presented here provides an alternative to a Þrst-order kinetic model or a biexponential model. In some cases, the new model may conform to degradation data better than either of these two models. Model selection should be based on an understanding of the mechanisms that are contributing to the particular decay pattern, or on the Þt of the model and lack of systematic deviations from observed values. Simplicity and interpretability are also important factors in model choice. While a Þrst-order model is simple, easily interpretable, and often produces high regression coefÞcients, many data sets show a curve-linear response that produces systematic deviations from the Þrst-order model. In these cases, a more complex model is often justiÞed. A biexpo- nential model based on biphasic decay mechanism may provide a better alternative. If the decay mechanism is unknown, the shift-log model presented here might also provide an alternative approach to interpreting the data. The use of the latter two models appears to be particularly justiÞed for Bt proteins, because of the 24 data sets examined here, these proteins represent six of the nine materials with the poorest Þt to a Þrst-order model. The shift-log model preserves one additional degree of freedom compared with the biexponential model, by allowing the valid use of the zero-time values, or by allowing the use of the 2-parameter version of the shift-log model. This may provide increased utility for the shift-log model when interpreting small, degradation data sets that exhibit systematic deviations from a Þrst-order kinetic model.
